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Decomposing the Size Effect on the Adoption of Innovations: Agrobiotechnology and Precision 
Farming 
 
Since technological change can affect the level of output, product quality, employment, trade, and real 
wages and profits, the adoption of new technologies offers economic opportunities and challenges.  
Consequently, understanding technology adoption continues to be a subject of interest to economists, 
sociologists, and policymakers.   Of particular interest to policymakers is the impact of new technologies 
on farm structure (i.e., farm size), and the role that farm structure, among other factors, plays in the 
adoption process.
1 
  The objectives of this paper are to: (1) examine the factors that influence the adoption of two 
emerging agricultural technologies in corn and soybean production--Genetically engineered (GE) crops 
(i.e., herbicide-tolerant corn and soybeans and Bt corn) and precision farming techniques, and (2) contrast 
the relative influence of various factors on the adoption decision for these two technologies, with special 
emphasis on the role of farm size. 
 
Genetically Engineered Crops and Precision Agriculture  
Genetic engineering, very broadly, is a technique used to alter or move genetic material (genes) of living 
cells.  While there are several types of GE crops commercially available, this paper focuses on the 
adoption of herbicide-tolerant corn and soybeans and Bt corn.  Herbicide-tolerant crops were developed 
to survive certain herbicides that previously would have destroyed the crop along with the targeted weeds, 
and allow farmers to use post-emergent herbicides for effective weed control. The most common 
herbicide-tolerant crops (soybeans, corn, cotton, and canola) are Roundup Ready crops resistant to 
glyphosate, a herbicide effective on many species of grasses and broadleaf weeds (Fernandez-Cornejo and 
McBride, 2000).  
                                                 
1 For example, the USDA National Commission on Small Farms (1998) notes that (p. 31): “ Federal farm policy should 
recognize that large-scale agriculture is not and should not be the only model for agricultural production--.”   One concern of the 
commission appears to be that technology adoption may increase the inequality of incomes or wealth in the farm sector if barriers 
to adoption are inherently structural.     3  
  Bt crops containing the gene from a soil bacterium, Bacillus thuringiensis, are the only insect-
resistant crops commercially available.  The bacteria produces a protein that is toxic when ingested by 
certain Lepidopteran insects.  Crops containing the Bt gene are able to produce this toxin, thereby 
providing protection throughout the entire plant.  Bt has been built into several crops, such as corn and 
cotton, and is effective in controlling Lepidopteran insects. Bt corn provides protection against the 
European corn borer (ECB), and, to a lesser extent, protects against the corn earworm, the southwestern 
corn borer and the lesser cornstalk borer. 
Precision agriculture (PA), also known as site-specific crop management, is often characterized as 
a suite of information technologies used to manage variability within fields.  According to a recent 
National Research Council (NRC, 1997) report (p. 17):  “Precision agriculture is a management strategy 
that uses information technologies to bring data from multiple sources to bear on decisions associated 
with crop production.”  However, Pierce and Nowak (1999) note that this definition (p. 4): “---fails to 
emphasize the basic premise of precision agriculture—the management of spatial and temporal 
variability.”  Various PA technologies are employed to assess, monitor, and manage sub-field soil and 
plant variability over time and space.  These technologies include enabling technologies such as 
computers, Geographic Information Systems, and Global Positioning Systems, as well as various sensors 
with geo-referencing capabilities, such as a grid soil samples, yield monitors and satellite images, and 
input applicators (e.g, seed, fertilizer, and/or pesticides) which can vary rates across a field (Pierce and 
Nowak, 1999).  These technologies can be used independently or as a package of technologies that 
includes, for example, the use of grid soil sampling, a variable rate input applicator, and a yield monitor.  
  The characteristics (perceived or real) of a new innovation are widely known to influence the 
adoption decision (Rogers, 1995; Batz et al., 1999).  Rogers (1995) hypothesized that five technology 
attributes affect the rate of adoption: relative advantage (i.e., profitability, initial cost, status, time savings, 
and immediacy of payoff over conventional practice); compatibility (i.e., similarity with previously     4  
adopted innovations); complexity (degree of difficulty in understanding and use); trialability (i.e., ease of 
experimentation); and observability (i.e., degree to which the results of the innovation are visible).
2   
  Inherent differences between GE and PA technologies may help explain why the level of 
adoption and the factors affecting adoption are different for the two technologies.  Using Rogers (1995) 
characterization, GE crops have: low initial or fixed cost; high degree of compatibility (i.e., with current 
weed control practices), trialability (i.e., divisible), and observability; and low degree of complexity.  PA, 
on the other hand, is both capital and information-intensive; has a low degree of compatibility, trialability, 
and observability; and relatively high degree of complexity.  Given this characterization of each 
technology, GE would be categorized as a scale-neutral technology whereas PA is more likely to be scale-
biased. 
  Only a few empirical analyses of the factors affecting the adoption of GE and PA have appeared 
in the literature.  Fernandez-Cornejo and McBride (2000) reported that larger operations and more 
educated operators were more likely to use herbicide-tolerant soybeans.  Average crop price was a 
positive factor influencing adoption, while conventional tillage reduced adoption because farmers use 
conventional tillage to help control weeds whereas herbicides are typically used with conservation or no-
till practices. Daberkow and McBride (1998) demonstrated that, among corn producers, the probability of 
PA adoption increased as farm size and farm income increased.  Furthermore, farm operators who were 
familiar with computers, used crop consultants as an information source, and were less than 50 years of 
age were more likely to adopt PA.  A survey by Khanna et al. (1999), indicated that PA adopters, relative 
to non-adopters in the Midwest, were younger, more educated, farmed larger acreage, routinely used 
computers, and had higher yields.  They also noted that the higher adoption rate by large farms may not 
have been solely due to their size but  (p. 465) “---more a manifestation of their ability to hire professional 
                                                 
2 Economists often attempt to distinguish capital intensive or non-divisible technologies (i.e., lumpy, fixed cost technologies, 
subject to decreasing costs with respect to farm size) from divisible technologies (i.e., relatively inexpensive variable-cost 
inputs).  Several studies have included the cost of acquiring new skills necessary to use new technologies as a fixed cost 
(Lowenberg-DeBoer and Swinton, 1997).  Other researchers have referred to a new technology as being management intensive 
(e.g., record keeping, IPM, computers), information intensive (e.g., PA), labor-saving (e.g., machinery), or land-saving (NRC, 
1997).  Another technology categorization scheme is based on the concept of scale-dependency, where certain technologies 
exhibit economies at large scales (Kuchler and Offut, 1986; Kinnucan et al., 1990).         5  
services, access to credit and technical information, and more contacts with extension agents, consultants, 
and representatives of agri-business.”      
  
Factors Affecting Agricultural Technology Adoption 
Numerous empirical technology adoption studies have been conducted over the last 40 years beginning 
with the work of Griliches (1957) and Rogers (1961).  Feder, Just and Zilberman (1985) and Feder and 
Umali (1993) review many of these studies.  Much of this work was spawned by the introduction of the 
“high yielding varieties” in developing countries during the 1960’s.  
Economists and sociologists have made extensive contributions to the literature on the adoption 
and diffusion of technological innovations in agriculture  (e.g., Feder et al., 1985; Rogers, 1995).  Such 
research typically focuses on the long-term extent of adoption, rate of adoption (i.e., diffusion) and the 
factors that influence the adoption decision.  While there is broad agreement that profitability (i.e., the 
extent of yield increases and/or input cost reduction from a new practice or innovation relative to the costs 
of adoption and the current management practices) plays a key role in extent and rate of technology 
adoption, most studies acknowledge that heterogeneity among farms and farm operators can often explain 
why not all farmers adopt an innovation in the short or long run (Khanna and Zilberman, 1997; Batte and 
Johnson, 1993; Lowenberg-DeBoer and Swinton, 1997).  For example, Rogers (1995) hypothesized that 
innovators or early adopters have attributes different from later adopters or those that never adopt the 
technology. Feder and Umali (1993) make a distinction between adoption factors during the early phases 
of adoption versus the final stages of adoption (i.e., such factors as farm size, tenure, education, 
information, and credit may be significant for the early adopters but not for later adopters).  In other cases 
the nature of the technology or the financial, location, and physical attributes of the farm firm may 
influence technology profitability, and ultimately the adoption decision.  
Farm Structure/Size  
A basic hypothesis regarding technology transfer is that the adoption of an innovation will tend to take 
place earlier on larger farms than on smaller farms.  Just, Zilberman, and Rausser (1980) show that given     6  
the uncertainty, and the fixed transaction and information costs associated with innovations, there may be 
a critical lower limit on farm size that prevents smaller farms from adopting.  As these costs increase, the 
critical size also increases.  It follows that innovations with large fixed transaction and/or information 
costs are less likely to be adopted by smaller farms.  However, Feder et al., (1985) point out that 
lumpiness of technology can be somewhat offset by the emergence of a service sector (i.e., custom 
service or consultant) which can essentially turn a non-divisible technology into a divisible one.  
According to Pierce and Nowak (1999), such a service sector may be emerging with respect to PA. 
  Researchers have debated whether certain technologies are scale dependent (e.g., “---exhibit 
economies at large scales---”) and therefore are more likely to be adopted by larger farms (Kuchler and 
Offut, 1986).  The static definition of a scale-neutral technology requires that it “---involve an 
inexpensive variable-cost input” whereas a scale-biased technology “---involves a fixed cost input and 
requires large capital investment” (p.86) (El-Osta and Morehart, 1999).  A dynamic approach is offered 
by Kinnucan et al. (1990) who maintain that scale dependency is determined by the pattern of adoption 
not by whether the cost is variable or fixed.  By this definition, if early adopters “---do happen to operate 
large farms, [the] new technology de facto is biased in favor of the large farmer, regardless of input type.” 
   Empirically disentangling farm size from other factors hypothesized to influence technology 
adoption has been problematic. For example, Feder et al. (1985) caution that farm size may be a surrogate 
for other factors, such as wealth, risk preferences, and access to credit, scarce inputs, or information.   
Moreover, access to credit is related to farm size and land tenure because both factors determine the 
potential collateral available to obtain credit.  Also, farm size is affected positively by the amount and 
quality of management labor and, since farm size can be varied in the short run by renting, farm size is 
also affected by profitability and credit considerations (Gould et al., 1989).  Finally, El-Osta and 
Morehart (1999) point out that the higher tolerance towards risk (which is a function of greater wealth and 
a more diversified portfolio) and the greater human capital of operators of large farms may also explain 
why large farms have propensities to adopt new technology.        7  
   Among rural sociologists, Rogers (1995) points out that empirically, adopter category 
characteristics and farm size appear interrelated.  He posits the following generalizations with respect to 
innovators and early adopters compared to other adopter categories: they are more educated; have higher 
social status as measured by such variables as income and wealth, have larger farms, tend to be 
commercial farms rather than subsistence or part-time farms, are more likely to understand and use credit, 
are likely to have greater association with change agents (i.e., media, consultants, extension, etc.), and 
have more specialized farming operations.  Rogers (1995) reasons that innovators and early adopters: 1) 
need to control considerable resources to absorb possible losses from an unprofitable innovation; 2) have 
an ability to understand and apply complex technical language; and 3) ability to cope with uncertainty 
associated with any new innovation.    
Human Capital 
The ability to adapt new technologies for use on the farm clearly influences the adoption decision.  Most 
adoption studies attempt to measure this trait through operator age, formal education, or years of farming 
experience (Fernandez-Cornejo et al., 1994).  More years of education and/or experience is often 
hypothesized to increase the probability of adoption whereas increasing age reduces the probability.  
Factors inherent in the aging process or the lowered likelihood of payoff from a shortened planning 
horizon over which expected benefits can accrue would be deterrents of adoption (Barry et al., 1995; 
Batte and Johnson).  Younger farmers tend to have more education and are often more likely to innovate.   
Risk and Risk Preferences 
The notion that technological innovations are perceived to be more risky than traditional practices has 
received considerable support in the literature.  Many researchers argue that the perception of increased 
risk inhibits adoption (Feder et al., 1985).  When an innovation first appears, potential users are generally 
uncertain of its effectiveness and tend to view its use as experimental (Mansfield, 1966).  Hiebert (1974) 
and Feder and O'Mara (1981, 1982) show that uncertainty declines with learning and experience, thus 
inducing more risk-averse farmers to adopt an innovation provided it is profitable.  Innovators and other 
early adopters are believed to be more inclined to take risks than are the majority of farmers.     8  
  While risk attitudes are often hypothesized to influence technology adoption, the use of specific 
risk management tools may also be associated with the adoption decision.  Market and production risks 
faced by most producers can be managed via a variety of mechanisms including contracting, integration, 
adjusting input and/or output levels, storage, hedging, diversifying, time sequencing transactions, and 
insurance (Robison and Barry, 1987).  Contracting, while very common in fruit and vegetable production, 
is increasing among growers of specialty corn and soybeans, especially with the introduction of GE crops 
where producers need to be assured of a market (Bender and Hill, 2000; Perry, et al. 1977).  King (1992) 
points out that for processors, contracts “---help ensure predictable supplies and quality.  For producers, 
they can offer price stability and access to specialized expertise, information and inputs (p. 1217)”. 
Tenure 
Land ownership is widely believed to encourage adoption of technologies linked to land.  While several 
empirical studies support this hypothesis, the results are not unanimous and the subject has been widely 
debated (e.g., Feder et al., 1985).  For example, Bultena and Hoiberg (1983) find no support for the 
hypothesis that land tenure had a significant influence on adoption of conservation tillage.  The apparent 
inconsistencies in the empirical results are due to the nature of the innovation.  Land ownership is likely 
to influence adoption if the innovation requires investments tied to the land.  Presumably tenants are less 
likely to adopt these types of innovations because they perceive that the benefits of adoption will not 
necessarily accrue to them. Because the use of bio-engineered crops does not require land-tied 
investments, land tenure may not affect adoption of this technology.  The information collected with PA 
technologies is field specific and therefore tied to the land.  However, two studies report that PA adopters 
owned a smaller share of their cropland than did non-adopters (Khanna et al., 1999; Daberkow and 
McBride, 1998).  Khanna et al. (1999) concluded that tenants were apparently able to extract short-term 
benefits from their investment in PA technologies.  One possibility is that a tenant utilizes PA to quickly 
gain information about farm fields, which serves as a substitute for landowner knowledge. 
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Labor Supply 
Given the high level of interdependency between the household and farm business, the combined labor 
supply of the operator and spouse indicates the total amount of time available for farming and non-
farming activities. As noted earlier, PA can require a substantial amount of managerial time, at least 
during the initial stages of adoption.  Operator and/or spouse off-farm employment may present a 
constraint to adoption, because it competes for farm managerial time (McNamara et al., 1991).  
Conversely, adoption by households with off-farm employment may be encouraged if the technology is 
labor-saving, as may be the case with GE crops.  
Credit Constraint 
Any fixed investment requires the use of own or borrowed capital.  Hence, the adoption of a non-divisible 
technology, which requires a large initial investment, may be hampered by lack of borrowing capacity 
(El-Osta and Morehart, 1999).   PA clearly fits the model of a capital-intensive technology, especially if 
training and education investments are considered, while GE crops do not.  Consequently, a credit or 
capital constraint should impact adoption differently for these two technologies.  
Location Factors 
Location factors, such as soil fertility, pest infestations, climate, and availability or access to information 
can influence the profitability of different technologies across different farms.  For example, the physical 
environment of the farm may affect profitability of PA through the extent of variability in soil 
productivity.   Heterogeneity of the resource base has been shown to influence technology adoption and 
profitability (Green et al., 1996; Thrikawala et al., 1999).   Also, the source of vendors for technologies 
may vary spatially, as well as the perceived need for the technology.  Dummy variables that represent 
location or resource variables such as region, soil type, weather, climate, availability of information, etc. 
are often use to control for spatial variation in adoption. 
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The Empirical Model  
A Tobit model (Tobin, 1958) was used to model the adoption of genetically engineered crops and 
precision farming.  This method estimates the likelihood of adoption and the extent (i.e., intensity) of 
adoption.  The Tobit model is preferable to binary adoption models when the decision to adopt also 
involves simultaneously the decision regarding the intensity of adoption (Feder and Umali, 1993), as it 
does with GE crops and precision farming technologies.  The Tobit approach has been applied in previous 
studies of agricultural technology adoption, including adoption of conservation tillage (Norris and Batie, 
1987; Gould et al., 1989) and adoption of alternative crop varieties (Adesina and Zinnah, 1993). 
A two-limit Tobit model was used in this study. The two-limit Tobit, originally presented by 
Rosett and Nelson (1975) and discussed in Maddala (1992) and Long (1997), is appropriate since the 
dependent variable is the proportion of the acreage with the technology, thus the dependent variable must 
be between 0 and 1.  The two-limit Tobit model can be represented as:  
yi* = β ’xi + !i       ( 1 )  
where yi* is a latent variable (unobserved for values smaller than 0 and greater than 1) representing the 
use of the technology, x is a vector of independent variables, which includes the factors affecting 
adoption; β ! is a vector of unknown parameters, and !i, is a disturbance term assumed to be 
independently and normally distributed with zero mean and constant variance "; and i = 1, 2,…n  (n is the 
number of observations).   Denoting yi (the proportion of acreage on which the technology is used) as the 
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Using the two-limit Tobit, the extent of adoption was regressed against proxies for various factors 
hypothesized to influence producer’s adoption decision.  
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The McDonald-Moffit Decomposition for a Two-Limit Tobit 
Unlike traditional regression coefficients, the Tobit coefficients cannot be interpreted directly as estimates 
of the magnitude of the marginal effects of changes in the explanatory variables on the expected value of 
the dependent variable.  In a Tobit equation, each marginal effect includes both the influence of the 
explanatory variable on the probability of adoption as well as on the intensity of adoption. More 
explicitly, as Gould et al. (1989) observe, the total (marginal) effect takes into consideration that a change 
in a explanatory variable will affect simultaneously the number of adopters and the extent of adoption by 
both current and new adopters.  
  To obtain the decomposition for the case of a two-limit Tobit, we begin with equation (1). Given 
the assumption that the disturbance !i, is independently and normally distributed with zero mean, the 
expected value of the latent variable for the two-limit Tobit is E(y
* |x)= #’x and "E(y
*|x)/"xk = #k.   
However, the conditional expected value of the truncated outcome is (Long, 1997; Maddala, 1992):  
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where L and U denote the lower and upper limit, respectively; zL  = (L-# # # #’x)/"  and  zU = (U-# # # #’x)/"; $(.) 
and %(z) are the cumulative distribution and density function for the standard normal.  The expected value 
of the dependent variable (observed outcome) is (Long): 
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Substituting the expressions for Pr(y=L|xi) = $(zL), Pr(y=U| xi) = 1-$(zU) = $(-zU), into the equation 
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Equation (5) is the extension of the McDonald- Moffit decomposition for the case of a two-limit Tobit.  It 
decomposes the total marginal effect of a change in an independent variable xk on the expected value of 
the extent of adoption (i.e. the percent of the acreage under the technology) into three components:  
(i) The change in the probability of adoption weighted by the conditional expected value of the               
percent acreage under adoption given that the farmer has adopted,  
(ii) The change in the percent acreage under adoption for farmers that are already adopting 
weighted by the probability of adoption, and  
(iii) The change in the probability of adopting on 100 percent of the acreage.   
Substituting the expression for E(y
 |x, L< y
* < U)  from equation (3), setting the lower limit L=0 and the 
upper limit U=1 and taking the derivatives, recalling that "$(z)/"xk = %(z)# (#k/"), we obtain the 
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Simplifying, we obtain the total marginal effect: "E(y|x)/"xk = #k. [$(zU ) - $(zL )]. 
 
Data  and Estimation 
Data used to estimate the Tobit model are from USDA’s 1998 Agricultural Resource Management Study 
(ARMS).  The ARMS is a multi-frame, probability-based survey in which sample farms are randomly 
selected from groups of farms stratified by attributes such as economic size, type of production, and land 
use.  Each selected farm represents a known number of farms with similar attributes.  Weighting the data 
for each surveyed farm by the number of farms it represents is the basis for calculating estimates for all 
U.S. farms.  The definition of a farm, and thus the target population of the ARMS, is any business that 
produces at least $1,000 worth of agricultural production during the calendar year.  The farm population     13  
used in this study includes those that grew corn or soybeans during 1998.  Table 1 shows the number of 
observations in each case. 
    The ARMS data include information about the financial condition and management of the 
operation; demographic characteristics; and management and marketing strategies used on the operation.  
Important to this study is that the survey included questions about the extent to which alternative 
technologies were used in the farm business.  Producers were asked for each crop grown, whether they 
planted bio-engineered seed and, if so, what type of seed was planted and on how many acres it was 
planted.  The adoption of GE crops was defined in cases where herbicide-tolerant soybeans, herbicide-
tolerant corn, and Bt corn were used. The extent of adoption was defined as the proportion of total 
harvested corn (soybean) acres in herbicide-tolerant corn (soybeans) as well as the proportion of total 
corn acres in Bt corn.  Producers were also asked about the use of precision farming techniques.  The 
adoption of precision farming was defined as the use of a variable rate technology (VRT) for either 
seeding, fertilizing, or applying chemicals. The extent of adoption was defined as the proportion of total 
crop acres on which the VRT was applied.  
Farm adoption rates for each technology estimated from the 1998 ARMS data are shown by size 
of operation in figure 1.  Overall, herbicide-tolerant soybeans were adopted by about one-third of soybean 
producers in 1998, while Bt corn was used on 20 percent of corn farms.  Herbicide-tolerant corn was 
adopted by only 5 percent of corn farms and precision farming was used on only 6 percent of farms with 
corn or soybeans.   
Adoption rates generally increased with size of operation for all the technologies, but at different 
patterns.  The adoption of herbicide-tolerant soybeans and corn was significantly higher among farms 
with 50 or more acres than among those with fewer than 50 acres.  However, above 50 acres, adoption of 
the herbicide-tolerant technology was fairly stable (39-52 percent for soybeans and 6-10 percent for corn).  
In contrast, the adoption of Bt corn and precision farming showed a more steady increase with size of 
operation.     14  
A total of 4 Tobit adoption models were estimated using the ARMS data; one for each of the 3 
genetically engineered crop varieties, and one for precision farming. The estimating technique was 
consistent with the complex survey design of the ARMS  (Dubman, 2000).  The LIFEREG procedure of 
SAS with the weight option (using the survey weights) was used to estimate the parameters of the Tobit 
model.  A replication approach employing the delete-a-group jackknife method was used to estimate 
parameter standard errors (Kott and Stukel, 1997; Kott, 1998). 
 
Variable Specification 
While technology adoption has both static and dynamic aspects, our focus is from a cross-section, point-
in-time (i.e., static) perspective at the micro (i.e., individual farm) level.  At this level, each farm operator 
is assumed to decide whether to adopt a technology and, if adopted, to chose its intensity of use.  Within 
this context, our analysis encompasses both the farm and operator characteristics that are hypothesized to 
influence the decision to adopt and to what extent.  We also incorporate a proxy variable to account for 
farm location (i.e., a proxy for climate, soil type, topography, input/equipment dealer availability, etc.) 
similar to Fernandez-Cornejo et al., (1994) and Green et al., (1996).  
The adoption rate of GE and PA technologies was expected to be influenced by the following sets 
of factors: farmer risk attitudes; farmer management resources, including education, experience, and off-
farm employment; farm size, land tenure; credit reserves; farm typology; use of contracting; degree of 
pest infestation (for the case of Bt corn); and a regional dummy variable. While the variables are defined 
in table 1, some require additional clarification.   
  The main focus of this study is on the role of farm size in technology adoption. Farm size is 
defined as the number of corn and soybean acres harvested on the operation. To allow for the possibility 
that the effect of farm size on adoption may vary as size changes, both linear and quadratic terms for size 
are included.  Following Kinnucan et al. (1990), we interpret the significant coefficients on the farm size 
terms in the estimated model, which control for other factors, as an indication of scale dependency 
associated with the adoption of the technology.     15  
  Identifying and quantifying producer risk preferences is a difficult task (Feder et al., 1985).  To 
operationalize the concept of risk preferences using farmer attributes obtained from the survey, we use a 
risk index constructed according to farmers’ answers to a series of questions in the ARMS survey.  The 
construction is based on the notion that risk attitudes are reflected by farmers’ attitudes toward tools used 
for managing risk (Bard and Barry, 1998).   Moreover, Bard and Barry (1998) show that in issues 
involving risk it is more appropriate to base the analysis on how farmers react to risk than their self-
assessment.   Ten questions were designed into the ARMS survey questionnaire to elicit farmers’ attitudes 
toward tools used for managing risk.  The questions asked whether farmers strongly agreed, agreed, 
neither agreed or disagreed, disagreed, or strongly disagreed with each of ten statements.  To prevent 
response bias, some of the questions were worded in such a manner that strong agreement implies 
willingness to accept more risk while other questions are phrased such that agreement with the statement 
implies that the farmer is more risk adverse. Thus typically the questions begin with either “I never” or “I 
usually.”  Subjects of the questions are: having cash on hand to pay bills, use of custom work, reliance on 
market information to make marketing decisions, spreading commodity sales throughout the year, having 
adequate liability insurance, having machinery new or in good repair, believing that concentration of 
farming operations in one geographic area “substantially increases” total risk, having sufficient backup 
management/labor to carry production for emergencies, having adequate hail/fire insurance, and hedging 
by using futures/options (Barry and Bard, 1998). 
   Categories of the ERS farm typology classification based on the occupation of farm operator were 
also included in the model (Hoppe et al., 1999).  The mutually exclusive typology categories were 
specified as a series of dummy variables that indicate whether or not the farm was classified as limited-
resource, retirement, residential lifestyle, or a non-family farm.  Limited-resource farms are constrained 
by low levels of assets and household income.  Retirement farms are those with operators who report that 
they are retired (excluding limited resource farms).  Residential lifestyle farms are those with operators 
who report a major occupation as other than farming (excluding limited resource farms).  Nonfamily 
farms are those organized as nonfamily corporations or cooperatives, as well as those operated by hired     16  
managers.  These categories were included in the adoption model to account for the diversity of farm 
types by reflecting differences in operators’ expectations from farming, stage in the life cycle, and 
dependence on agriculture. 
  A credit reserve variable was specified as the maximum feasible level of debt that the farm 
operator could service from income (Ryan). Credit reserves are hypothesized to positively influence 
adoption, particularly in the case of PA where capital investments are required.  Genetically engineered 
seeds are also more expensive than traditional varieties and adoption may also be influenced by the 
operating investment. Also included was the proportion of operator and spouse hours worked off-farm. 
  The use of contracting was specified using a dummy variable indicating whether or not the farm 
sold corn (or soybeans) under a marketing contract, or produced corn (or soybeans) under a production 
contract.  Contracting has been used in modeling adoption to reflect the level of risk management used by 
producers.  In the context of biotech crops, contracting may indicate that the producer has locked a market 
channel for the crop and thus has reduced the uncertainty that these crops would be accepted in traditional 
marketing channels.  Producers would be more likely to adopt biotech crops if they have contracts that 
assure market access.  Contracting may also be an indicator of the overall level of operator management. 
  A measure of state infestation level for the European corn borer (ECB) was included in the Bt 
corn adoption model to account for variation in the perceived need for pest control.  As an infestation 
level proxy we used a dummy variable equal to one for the States with the highest infestations, 0 
otherwise.  Past infestation levels of corn fields by the ECB were calculated as the percent of the State’s 
corn acres infested with ECB at a treatable level (obtained from Pike, 1999) relative to the planted corn 
acreage.   
 
Results 
Results of the Tobit analysis for the adoption of genetically engineered crop and precision agriculture 
technologies are presented in tables 2 and 3.  These tables include the estimated coefficients, standard 
errors, and calculated marginal effects.  The marginal effects are used to calculate the elasticities.     17  
Statistically significant variables in the adoption models varied among the individual 
technologies.  Farm size was significant in the Bt corn, herbicide-tolerant corn, and precision farming 
adoption models, but not for herbicide-tolerant soybeans.  The coefficients of the quadratic terms (for 
size) indicate that the probability of adoption for Bt corn and precision farming increased with farm size 
at a decreasing rate while adoption of herbicide-tolerant corn increased linearly with size (within the 
range of the data).  This effect is also illustrated in figure 1, which is obtained directly from the data. 
The contracting variable was significant in 3 of the 4 adoption models.  The expected extent of 
adoption was greater on operations that utilized marketing or production contracts than for other 
operations. Among operator characteristics, education and experience were significant in various adoption 
models.  The expected extent of adoption associated with 3 of the 4 technologies increased significantly 
as operator education increased.  The expected extent of adoption of herbicide tolerant corn and soybeans 
increased with operator experience.  The measure of operator risk aversion was significant in the 
herbicide-tolerant soybean and precision farming adoption models.  The negative coefficient on the risk 
variable indicates that the more risk adverse producers are expected to have a higher extent of adoption 
for these technologies.  Location of the operation outside of the primary production area was associated 
with a lower expected adoption for herbicide-tolerant soybeans.  Among the typology variables, only the 
limited resource classification was significant in the model for herbicide-tolerant soybeans, suggesting 
that limited resource farms were less likely to adopt.  The corresponding indicator variable shows that 
corn borer infestation had a significant and positive influence on the expected adoption of Bt corn.  Credit 
reserves, off-farm work, and land tenure were not significant in any of the adoption models. 
Elasticities of adoption with respect to each of the significant explanatory variables are shown in 
table 4.  These elasticities take into account that a change in an explanatory variable will simultaneously 
affect the number of adopters and the proportion of acreage under adoption.  As an example of 
interpretation, a one-percent increase from the mean size (harvested acres) leads to an increase in the 
expected proportion of corn acres planted with Bt corn by 0.258 percent.  The interpretation of the 
elasticity for binary variables, such as operator education, is somewhat different.  For example, a one-    18  
percent increase in the proportion of corn farmers pursuing education beyond high school would lead to 
an increase in the expected proportion of corn acres planted with herbicide-tolerant corn by 0.336 percent. 
Decomposition of the elasticity of size for each technology is presented in table 5.  According to 
the extension of the McDonald-Moffit decomposition for a two-limit Tobit, 3 components of the elasticity 
can be identified.  The first component indicates how responsive the probability of adoption by non-users 
of the technology is to changes in size.  For example, a one-percent increase in average size, the 
probability of adopting Bt corn by non-users would increase by 0.217 percent.  The second component 
indicates how responsive the proportion of acreage under adoption by current users of the technology is to 
changes in size.  As average size increases by one-percent, the proportion of acres with Bt corn would 
increase by 0.483 percent from current adopters.  The final elasticity component, unique to the two-limit 
Tobit, indicates how responsive the probability of having all acreage under the technology is to changes 
in size.   If size increases by one percent, the probability of using Bt on all corn acreage increases by 
0.074 percent. 
Expanding on the results of tables 2 and 3 regarding the coefficients of the size terms, we note 
that for Bt corn and precision farming both linear and quadratic term are significant, the linear term 
positive and the quadratic term negative.  This implies that in these two cases there a size beyond which 
adoption no longer increases with increased size.  The maximum is calculated and reported in table 5.  For 
example, for the case of Bt corn, dieconomies set in (adoption declines as size increases) at a size of 1,170 
acres (which is about a fifth of the largest farm in the sample).   For the case of precision farming, 
diseconomies set in at about 1,600 thousand acres, while the largest farm is 7,000 acres.  The maximum 
does not exist for the case of herbicide tolerant corn because only the linear term is significant and for the 
case of herbicide tolerant soybeans because none of the size terms are significant (invariance to size).  
 
Implications of the Results 
A primary objective of this study was to examine the factors that have influenced the adoption of GE 
crops and precision farming techniques.  A hypothesis tested in this study is whether the unique     19  
characteristics of each innovation may contribute to differences in adoption, particularly among farms of 
varying size. Characteristics of GE crop technologies led us to expect that adoption would be invariant to 
farm size, as was found in the case of herbicide-tolerant soybeans.  Thus, the hypothesis that the 
herbicide-tolerant soybean technology is scale-neutral could not be rejected.  Conversely, the 
characteristics of precision farming technologies suggest that adoption would be more likely on larger 
farms.  Size of operation was found to be positively associated with the adoption of precision farming, 
lending support to the hypothesis that these technologies are scale-biased.  However, the adoption of 
herbicide-tolerant and Bt corn was also positively related to farm size, thus the scale-neutral hypothesis 
was not supported for these technologies.   This varied response of adoption of different technologies to 
size and the fact that the effect varies with size is also illustrated in figure 1, obtained from the data. 
The estimated elasticities of size for Bt and herbicide-tolerant corn, and precision farming 
technologies suggest that the impact of size on adoption is very similar.  However, decomposition of the 
elasticities reveals how the impacts may differ.  The probability of adopting herbicide-tolerant corn by 
non-users was much more responsive to changes in size than for the other technologies (0.442 percent per 
1 percent increase in size).  This may be because of the relative ease of access and use of the herbicide-
tolerant technology, especially compared with precision farming.  Non-users could be expected to easily 
adopt a herbicide-tolerant crop production system with little financial or human capital investment.  
Among current adopters, the extent of adoption was most responsive to changes in size for users of 
precision farming techniques (0.514 percent per 1 percent increase in size).  This may be attributed to the 
incentive that producers have to lower unit-costs by spreading their fixed investment in precision farming 
over more acreage.  For possibly this same reason, the probability of having all their acreage under 
adoption was higher for precision farming than for the GE crop technologies.  Also, this component of the 
Bt corn size elasticity may have been the lowest because of refuge requirements associated with Bt corn. 
The use of contracting (marketing or production) was positively associated with technology 
adoption in most of the models.  The effect of contracting may be indicative of the greater importance 
placed on risk management by adopting farms.  Contracting locks in a commodity price or service fee and     20  
assures a market for GE crops, lessening price and any market access risk that could result from 
uncertainty about consumer acceptance of these crops.  An emphasis on risk management by adopters of 
precision farming may indicate a higher overall level of management on these operations that makes 
precision farming attractive because of the detailed managerial information.  The importance of risk 
management on adopting farms is also supported by significance of the risk preference variable in two of 
the adoption models. 
  Operators’ with more education were also more likely to adopt both GE crop technologies for 
corn, and precision farming techniques.  The complex nature of data collection and interpretation 
associated with precision farming suggests that more education would enhance the ability of the farm 
operator to utilize these technologies.  The insignificance of education in the adoption of herbicide-
tolerant soybeans is not surprising because of the low managerial requirement of this production system.  
However, the impact of education on GE crop adoption for both corn technologies exceeded that of 
precision farming despite the fact that these crops require a much lower human capital investment.  The 
level of operator education, like the contracting variable, may be an indication of the overall level of 
management on these operations.  Operators’ with more experience were more likely to adopt herbicide-
tolerant corn and soybeans, but not precision farming.  Experience may also indicate management level in 
the sense that more experienced operators are more likely to understand that the greatest economic 
benefits of new technologies accrue to early adopters.  Operator experience may not be associated with 
the adoption of precision farming because experience and age tend to be highly correlated.  Older 
operators are probably less likely to adopt precision farming techniques because of their shorter planning 
horizon and the required investment in human and financial capital associated with precision farming. 
 
Summary and Concluding Comments  
This study contrasts the adoption of two innovations, genetically engineered crops and precision farming, 
that appear likely to shape U.S. production agriculture in the next decade.  A direct comparison of 
adoption models was made to draw inferences about how the different attributes of technologies may     21  
influence their adoption.  The primary focus was on how the relationship between farm size and adoption 
differs for a presumed scale-neutral technology, genetically engineered crops, and a presumed scale-bias 
technology, precision farming.  A review of the technology adoption literature suggested that farm size is 
often a surrogate for many other factors.  This study attempted to control for many of these factors in 
order to isolate the effect of farm size on adoption. Also, the analysis used the McDonald and Moffit 
decomposition of the two-limit Tobit model to show the influence of size on the probability of adoption 
as well as on the intensity of adoption.  Elasticities of adoption were decomposed and compared among 
the technologies in order to gain a better understanding of the role of farm size in technology adoption. 
Results of this study support the a priori hypotheses that the adoption of the herbicide-tolerant 
technology for soybeans is invariant to farm size (scale-neutral), while the adoption of precision farming 
techniques is scale-biased toward larger farm operations.  However, the hypothesis that the adoption of Bt 
and herbicide-tolerant corn is also scale-neutral was not supported.  The different empirical results 
obtained for the adoption of herbicide tolerant soybeans and herbicide tolerant corn may be understood by 
examining their adoption rates. The 1998 adoption rate for herbicide-tolerant soybeans in the sample (34 
percent of farms) implies that the adoption of herbicide-tolerant soybeans has progressed past innovator 
and early adopter stages into the realm where adopting farmers are much like the majority of farmers.  On 
the other hand, adoption of herbicide-tolerant corn was quite low in 1998 (5 percent of farms) implying 
that adoption was largely confined to innovators and other early adopters who in general tend to control 
substantial resources and who are willing to take the risks associated with trying new ideas. 
Thus, it appears that despite the fact that herbicide-tolerant corn has some characteristics similar 
to those of herbicide-tolerant soybeans, the adoption of herbicide-tolerant corn was size dependent while 
adoption of herbicide-tolerant soybeans was invariant to size because the impact of farm size on adoption 
is highest at the early stages of the diffusion of an innovation (the case of the herbicide-tolerant corn), and 
becomes less important as diffusion increases.  This result confirms Rogers’ observation that adoption is 
more responsive to farm size at the innovator stage and the effect of farm size in adoption generally 
diminishes as diffusion increases.     22  
This profile is consistent with findings that the adoption of herbicide-tolerant corn was most 
impacted by operator education and experience, whereas factors such as risk were not significant.  
Moreover, since the effect of farm size in adoption generally diminishes as diffusion increases, one would 
expect that adoption would more responsive to farm size at the innovator stage.  This result was 
confirmed by the relatively high elasticity of adoption by non-users of herbicide-tolerant corn. 
The results of this study that are most difficult to interpret are those for Bt corn.  Characteristics 
of the Bt corn technology are similar to those of other GE crops in that the investment requirements in 
both human and financial capital are relatively low.  Also, the adoption of Bt corn in 1998 was at 20 
percent of farms, a level beyond that including only innovators and other early adopters. However, 
magnitudes of the estimated adoption elasticities for Bt corn were more similar to those for precision 
farming than for any of the other GE crops.  One important difference between Bt corn and the other 
technologies is that Bt corn is designed to target a problem that has much more spatial variation than that 
of the other technologies. European corn borer (ECB) infestations are quite severe in some areas and 
virtually nonexistent in others.  In general, areas with higher ECB infestations, including states in the 
western Corn Belt and Great Plains, also have more corn acreage per farm than in other areas. Although 
we attempted to control for spatial variability in ECB infestations, it may be that our measured impact of 
farm size on Bt corn adoption was influenced by the correlation between farm size and ECB infestations.  
It would have been interesting to examine if Bt corn adoption is scale-biased among farms with an ECB 
infestation above a certain threshold, but this analysis was not carried out because of insufficient data. 
The interrelationships between the attributes of innovations and the characteristics of adopters at 
different stages make it difficult to classify innovations.  Whether an innovation can be categorized by 
such terms as scale-neutral and scale-biased likely depends on the extent of adoption.  Technology 
adoption is a dynamic process.  This study attempted to measure the role of farm size in adoption at one 
point in time and does provide a point of reference.  Comparing these results with measurements at future 
points in the diffusion process would further the understanding how the characteristics of these 
technologies influence their adoption by farms of various sizes.      24  
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 Table 1.  Variable definitions and means 
 
   Mean  value 




   
  EDUCATION 
 






  EXPERIENCE  Operator experience, years on operation 
 
23.52 23.98 
  CREDIT  Credit reserve (maximum debt repayment capacity), thousand 
dollars 
232.8 228.2 
  OFF  Operator/spouse proportion of time worked off-farm 
 
0.412 0.387 
  MARGINALR  Dummy variable equal to 1 if farm is located in marginal 
production region, 0 otherwise
1 
0.248 0.381 
  SIZE  Farm size, acres of harvested soybeans/corn, thousands 
 
0.195 0.164 
  SIZE_SQ  Farm size squared 
 
0.121 0.086 
  TENURE  Farm tenure, ratio of owned to operated acres 
 
0.489 0.553 
  RISK  Risk index, ranging from 12 (risk averse) to 48 (risk seeking) 
 
28.63 28.38 
  LIMRES  Dummy variable equal to 1 if farm belongs to the “limited 
resources” category of the ERS farm typology, 0 otherwise 
0.042 0.042 
  RETIRE  Dummy variable equal to 1 if farm belongs to the “retirement” 
category of the ERS farm typology operator is, 0 otherwise 
0.029 0.034 
  LIFEST  Dummy variable equal to 1 if farm belongs to the “residential/ 
lifestyle”category of the ERS farm typology, 0 otherwise 
0.282 0.254 
  NONFAM  Dummy variable equal to 1 if farm belongs to the “nonfamily” 
category of ERS farm typology operator is, 0 otherwise 
0.026 0.022 
  CONTRACT  Dummy variable equal to 1 if farm uses soybeans/corn marketing 
or production contracts, 0 otherwise 
0.121 0.131 
  HI_INF  Dummy variable equal to 1if farm is in state with a high 
infestation level of European corn borer, 0 otherwise 
na 0.248 
      
Number of observations  2321  1719 
 
1Marginal production
 regions are those outside of the primary areas where these crops are grown, defined using the ERS farm 
resource regions (ERS, 1999). Primary production regions for soybeans are the Heartland and Mississippi Portal.  Primary 
production regions for corn are the Heartland and Prairie Gateway. 
na=not applicable     28  












Herbicide tolerant soybeans       
  Intercept  0.10627  0.60357  0.18  - 
  EDUCATION  0.40943  0.28592  1.43  0.081 
  EXPERIENCE  0.01234  0.00641  1.92
* 0.002 
  CREDIT  0.00019  0.00025  0.78  0.000 
  OFF  0.13772  0.25491  0.54  0.027 
  MARGINALR  -0.38910  0.14220  -2.74
** -0.077 
  SIZE  0.03087  0.23659  0.13  0.006 
  SIZE_SQ  -0.07041  0.06751  -1.04  -0.014 
  TENURE  -0.35418  0.31678  -1.12  -0.070 
  RISK  -0.03684  0.01476  -2.50
** -0.007 
  LIMRES  -1.44391  0.44928  -3.21
** -0.284 
  RETIRE  -0.38311  0.56992  -0.67  -0.075 
  LIFEST  0.08242  0.32830  0.25  0.016 
  NONFAM  0.71062  0.42338  1.68  0.140 




     
  Intercept     -0.57717       0.36585          -1.58            -   
  EDUCATION      0.22989        0.09624             2.39 **       0.037 
  EXPERIENCE      0.00384        0.00366            1.05            0.001 
  CREDIT      0.00011        0.00009            1.22            0.000 
  OFF     -0.16851       0.12394          -1.36         -0.027 
  MARGINALR     -0.11709       0.08728          -1.34          -0.019 
  SIZE      1.06147        0.25152            4.22 **       0.172 
  SIZE_SQ      -0.43925       0.12973          -3.39**      -0.071 
  TENURE     -0.09012       0.11267          -0.80          -0.015 
  RISK     -0.01537       0.01357          -1.13          -0.002 
  LIMRES     -0.02361       0.27252          -0.09          -0.004 
  RETIRE     -0.36465       0.31985          -1.14          -0.059 
  LIFEST      0.07478        0.17853            0.42           0.012 
  NONFAM      0.22157        0.23895            0.93            0.036 
  CONTRACT      0.09635        0.05515            1.77*            0.016 
  HI_INF      0.26938        0.10626            2.54 **       0.044 
 
Note: Single and double asterisks (*) denote significance at the 10% and 5% levels, respectively.  Using the delete-
a-group jackknife variance estimator with 15 replicates, the critical t-values are 2.145 at the 5% level and 1.761 at 
the 10% level. 
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Herbicide tolerant corn       
  Intercept  -2.24752   0.48173  -4.67
** - 
  EDUCATION  0.54292  0.16289  3.33
** 0.019 
  EXPERIENCE  0.01294  0.00651  1.99
* 0.001 
  CREDIT  -0.00026  0.00013  -1.94
*  -0.000 
  OFF  0.06968  0.38352  0.18  0.002 
  MARGINALR  -0.07962  0.13278  -0.60  -0.003 
  SIZE  1.16590  0.62184  1.87
* 0.041 
  SIZE_SQ  -0.42077  0.44267  -0.95  -0.015 
  TENURE  -0.11399  0.30899  -0.37  -0.004 
  RISK  -0.01762  0.01583  -1.11  -0.001 
  LIMRES  0.24265  0.60202  0.40  0.008 
  RETIRE  -0.97222  5.22866  -0.19  -0.034 
  LIFEST  -0.12682  0.31294  -0.41  -0.004 
  NONFAM  0.25422  0.70038  0.36  0.009 
  CONTRACT  0.00255  0.14292  0.02  0.000 
 
Precision farming 
     
  Intercept  -2.26155        1.1259  -2.01*  - 
  EDUCATION  0.56355        0.2689  2.10*  0.020 
  EXPERIENCE  -0.00351        0.0133  -0.26  -0.000 
  CREDIT  0.00013        0.0002  0.56  0.000 
  OFF  0.71333        0.4381  1.63  0.025 
  MARGINALR  -0.51086        0.5012  -1.02  -0.018 
  SIZE  2.65541        0.6426  4.13**  0.093 
  SIZE_SQ  -0.89214        0.2275  -3.92**  -0.031 
  TENURE  0.11243        0.5724  0.20  0.004 
  RISK  -0.08908        0.0428  -2.10*  -0.003 
  LIMRES  1.44447        1.2553  1.15  0.051 
  RETIRE  -1.17971       12.1481  -0.10  -0.041 
  LIFEST  -0.46453        0.6079  -0.76  -0.016 
  NONFAM  1.13363        0.7532  1.51  0.040 
  CONTRACT  0.60478        0.2254  2.68**  0.021 
 
Note: Single and double asterisks (*) denote significance at the 10% and 5% levels, respectively.  Using the delete-
a-group jackknife variance estimator with 15 replicates, the critical t-values are 2.145 at the 5% level and 1.761 at 
the 10% level. 
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  Elasticity of adoption 
  EDUCATION  0  0.179  0.336  0.149 
  EXPERIENCE  0.236  0  0.453  0 
  MARGINALR  -0.079   0      0  0 
  SIZE  0  0.258  0.279  0.281 
  RISK  -0.859  0  0  -1.594 
  LIMRES  -0.049  0  0  0 
  CONTRACT  0.036  0.022  0  0.048 
  HI_INF          na  0.123  na            na 
 
Notes: An elasticity of zero indicates an insignificant underlying coefficient.   
           na=not applicable 
 











Elasticity of size (measured at the means)      
      
Total elasticity of adoption with respect to size:  
Increase in percent of acreage under adoption  









      
Decomposition of the elasticity of size      
      
Increase in the probability of adoption by non-









      
Increase in percent of acreage under adoption for 
farmers that have already adopted per a 1 percent 









      
Probability (in percent) of having all planted acres 
under adoption per a 1 percent increase in size 
0 0.074  0.104  0.195 
      
Size 
 
    
Size at which the elasticity of adoption becomes 





1.170   $ $ $ $  1.635 
 
Largest farm in the sample, thousand acres 
  
7.00 5.89   5.89 7.00   
 










50-99 acres 100-499 acres 500-999 acres 1,000 acres or
more
   Figure 1. Adoption of alternative agricultural technologies by size  of operation,  actual adoption
 rates from USDA survey data,1998
Percent of farms
Herbicide-tolerant soybeans
(mean=34 percent)
Bt corn
(mean=20 percent)
Precision farming
(mean=6 percent)
Herbicide-tolerant corn
(mean=5 percent)
 